the population in each census tract of the two areas, finding that the distributions of population can be approximated by two Gaussian distributions ( Fig. S1c & d) .
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Supplementary Information
Here, we briefly introduce the data and method used for generating transient ODs to maintain the completeness of the paper. This part is an abbreviation of Part II of the Supplementary Information with reference [1] . For more detailed information and analysis on transient ODs, please refer to [1] .
PART 1. Mobile Phone Data and Road GIS Data
The San Francisco Bay area mobile phone data were collected by a US mobile phone operator, having temporal and spatial records for nearly half a million customers. Each time a person uses a phone (call/text message/web browsing) the time and the mobile phone tower providing the service is recorded.
In the three week observational period, we totally collect 374 million location records. A voronoi lattice is used to estimate the service area of a mobile phone tower [2, 3] . It provides the rough region where a mobile phone user can be located by the phone usage (Fig. S1a ). In the Boston area mobile phone data, the coordinates of the recorded locations are estimated by a standard triangulation algorithm. In the three weeks' observational period, more than 200,000 distinct locations are recorded, this data is aggregated at the census tract level to define the location of a phone user ( Fig. S1b ). We further find that a large majority of driver sources are located within dense mobile phone grids or small enough census tracts, thus providing accurate spatial resolution for the purpose of this study. Users' privacy is protected by using anonymized user IDs. In addition, the spatial resolution of the voronoi lattice or the census tract provides sufficiently large areas to prevent personal location identification at an individual level. Furthermore, no individual trajectory is shown in our results.
In both areas the selected mobile phone users have at least one location recorded between 9:00 p.m. to 7:00 a.m., allowing for the definition of home location in connection with a tower's service area or a census tract. Consequently, we select 356,670 Bay Area users and 683,001 Boston Area users, which represent 6.56% and 19.35% of the population in the two metropolitan areas respectively. We measure (1) when the speed limit of a road segment sl≤45, it is defined as an arterial road: C=1,900×l×q (vehicles/hour) (S1) for simplicity, the effective green time-to-cycle length ratio q is selected to be 0.5.
(2) when the speed limit of a road segment 45<sl<60, it is defined as a highway:
(3) when the speed limit of a road segment sl ≥60, it is defined as a freeway: 
. Estimation of the Transient ODs
The major challenge when estimating travel demands with mobile phone data is embedded in the sparse and irregular records [7] , in which user displacements (consecutive different recorded locations) are usually observed between a long period (i.e. the first location is observed at 8:00am and next location is observed at 6:00pm). To more accurately extract users' travel demands between zones (mobile phone towers' service areas for the Bay area and the census tracts for the Boston area), we only record displacements occurring within a short time window. However, the time window we select must be long enough in order to ensure that enough travel demand information is extracted. In our modelling In this study, zones were defined by towers' servicing areas in the Bay area and census tracts in the Boston area. The different zone definitions were resulted from the different features of location records in the two mobile phone datasets. The defined zones were only used in the process of generating the t-ODs. All measurements regarding the dynamical driver sources ( Fig. 1c -f) were based on the census tracts for both Bay area and Boston area.
We next count the number of trips between zone i and zone j in a specific time period:
where is the total number of selected users and is the total number of trips that user made between zone i and zone j in the observational period. One may note that the extracted distribution of travel demands did not take the population distribution into account. To avoid the bias caused by the 
where is the total number of users in the zone and is the total number of trips that user made between zone i and zone j during the three weeks of study.
People use different transportation modes throughout their trips. Possible transportation modes include car (drive alone), carpool, public transportation, bicycle and walk. We define a user is a vehicle user if he/she uses car to commute. We calculate the vehicle using rate ( ) in a zone as follows:
where and are the probabilities that residents in zone i drive alone or share a car. The average carpool size is 2.25 in California and 2.16 in Massachusetts (8) . As shown in Fig. S2d , is low in downtown and high in the suburb areas. Using the calculated for each zone, we randomly assign the transportation mode (vehicle or non-vehicle) to the users living in each zone. We then filter the trips that are not made by vehicles and calculate the total number of trips generated by vehicles :
where user n is a vehicle user, is the number of users in zone .
The average number of daily trips per person is about 4 in the US [9] . This generates about 22 million trips in the Bay area and 14 million trips in the Boston area. Based on the daily distribution of traffic volume obtained from [10] , we estimate the average hourly trip production in the four time periods (Fig. S2e ). Next, we upscale the obtained distribution of travel demands with the hourly trip production for the entire population, thus finally defining the estimated t-OD.
t-
where is the number of zones.
To assign trips to the road networks, we map each t-OD pair from zone based t-OD to intersection-based t-OD. We find the road intersections within a zone and randomly select one intersection to be the origin or destination in the intersection-based t-OD (Fig. S2b) . In very few cases no intersection is found in a zone. In such cases we assign a trip's origin or destination to a randomly chosen intersection in the nearest neighbouring zone. We generate four 11,096 × 11,096 intersection based t-OD from the four 892 × 892 zone based t-OD in the Bay Area (the Bay Area road network contains 11,096 intersections). For the Boston Area, we generate four 9,643 × 9,643 intersection based t-OD from the four 750 × 750 zone based t-OD (the Boston road network contains 9,643 intersections).
In conclusion, we selected census tracts as the Boston area zones because the mobile phone tower information was not available. The Bay Area t-ODs were generated in the mobile phone tower resolution to avoid errors introduced by converting the tower-based trips to census tract-based trips. In the process of generating the zone-based t-ODs, different zone definitions were used to adapt better to the data formats. After converting the zone based t-ODs to intersection-based t-ODs, only census tract definition was used to locate the dynamical driver sources in the Bay area and the Boston area. As Fig. S8 shows, the number of major dynamical driver sources followed similar exponential distributions during the weekdays and weekend days, and the distribution of total extra travel time of each census tract also follows similar power laws. These results show very tiny differences with the results depicted in Fig. 1 (where weekday and weekend records were not separated). We observed slightly different spatial distributions of the congested driver sources in weekdays and weekend days, suggesting that more detailed travel demand information can lead to more accurate estimation of congested driver sources (Fig. S9 ). The top five road clusters targeted at different time periods of weekdays and weekend days were shown in Fig. S11 and Fig. S12 for the Bay area and the Boston area. We observed slightly different spatial distributions of targeted road clusters in different time periods and different types of days. The fundamental findings are well preserved when using weekday data and weekend data, indicating that our modeling framework and results show enough generality. 
